Abstract² As the ability to produce a large number of small, simple robotic agents improves, it becomes essential to control the behavior of these robots in such a way that the sum of their actions gives rise to the desired overall result. These robots are modeled as homogeneous, distributed robots, with only one simple short range sensor. Our simple robots are tasked to form and hold a desired swarm shape, independent of the total number of agents. If this shape is damaged by the removal of some of the robots, the remaining agents will recover the former shape, but on a smaller scale. These shapes can also have a pattern such as a picture or drawing displayed on them by controlling the individual robots color, symbolically representing the differentiation of agents within the swarm. This pattern will resize to fit the existing swarm. With the ability to synchronize in time, the swarm gains the ability to change the pattern displayed, resulting in a moving image.
I. INTRODUCTION
S ability to produce large numbers of simple robots improves, it becomes increasingly important to control the robots behavior. Our goal is to produce a biologically inspired control strategy for a large group of these robots, often called a swarm, to form and hold a differentiated shape that is composed of these small, simple robots, analogous to how cells form the body of an animal. This differentiated swarm shape may empower the group of robots to complete a task as a whole that would be difficult or impossible for them to accomplish as a single agent.
A powerful example of this is the field of modular robotics, whose underlying principal is that a group of cooperating robots is more able as a collective, compared to the sum of the efforts of each robot if working individually. Individually, these modular robots, such as those shown in [1] have limited mobility. However, when many of the robots are joined together, the shape of the swarm gives rise to highly mobile locomotion strategies, for example [2] , which are far better than those employed by a single modular robot. Aside from forming a shape, a robotic swarm also allows some interesting additions in functionality, which is not easily possible using a single robot, such as the ability to self-heal. If the shape of a swarm is playing a critical role in its accomplishing a task, and that shape is damaged, the proficiency of the group to complete the desired task may be reduced, or be completely removed. If Manuscript received February 22, 2008 . Michael Rubenstein is with the Information Sciences Institute, at the University of Southern California, e-mail: mrubenst@usc.edu
Wei-Min Shen is with the Information Sciences Institute, at the University of Southern California, e-mail: shen@isi.edu these swarms can then recover their shape after the damage occurs, then it may also recover its swarm functionality, making self-healing a quintessential part of swarm applications.
If this principal of self-healing was applied to our modular robot example, the swarm of modular robots could regain its functionality after damage occurs. For example, if a hexapod composed of modular robots has a leg removed, then it can no longer SHUIRUP D ³WULSRG´ JDLW JUHDWO\ reducing its mobility. If the modular robots had a way to reform the missing leg, for example through selfreconfiguratioQ WKHQ LW FRXOG RQFH DJDLQ XVH WKH ³WULSRG´ gait for locomotion.
Other than making a contribution towards the overall shape of the swarm, a robot can contribute towards a swarm task in other ways. One such way it to take on specific functions, depending on the robots location within the swarm, i.e. differentiation. In nature, differentiation is common, where stem cells differentiate into distinct cell types such as skin cells, depending on their location in the body. This arrangement of cells allows skin cells to be located on the outside of the body, where they are most effective at their main job, to protect the inside of the body from invaders. If instead of arranging themselves on the outside, skin cells were just randomly distributed throughout the body without any regard to location, then they would lose their effectiveness. This power from differentiation of cells in a biological organism can be used similarly in a robotic swarm, making it more effective at a given task when it is differentiated.
Going back to the hexapod built with modular robots, each module needs to differentiate its behavior in order to properly contribute to the hexapod gait. In this case, a module in the backbone needs to move and behave as a part of the backbone. If instead, it were to behave as a leg, or exhibit no behavior at all, it would negatively affect the hexapod locomotion. This location dependant specialization of robots along with shape formation and healing will increase the effectiveness of the swarm for its desired task.
In nature, the ability to form and heal a differentiated shape has come about through millions of years of evolution, and comes in two different styles. One style, called epimorphosis, uses cellular reproduction to re-grow damaged parts. With epimorphosis, a salamander, a starfish, or a lizard, can re-grow a lost limb or tail, but their body remains unchanged. This re-grown limb will be the same scale as the original one. Using its self-healing abilities, the hydra can recover from many types of seemingly irrecoverable damage. If chopped in half, each half will re-form a new hydra, half the size of the original hydra. It can be divided into 20 pieces, and each piece will form the original hydra shape, just 1/20th the size [3] . The hydra can be scrambled, randomly placing the cells back together, and the cells still move to reform a hydra. If the hydra is prevented from making new cells, it will slowly shrink as the number of alive cells is reduced due to random cell death, always maintaining its shape even as the available number of cells diminishes. Through the use of morphallaxis, the hydra has gained the ability to recover from serious damage, asexually reproduce, and is even suspected to be capable of living forever [4] .
Currently most artificial self-healing systems envision using a large swarms of simple, small, distributed, homogeneous robots similar to the robots found in [1] [5] [6] to form the desired self-healing structure, analogous to how biological cells make up an organism. The challenge faced by most of these systems is to first develop a method for identifying the location of a robot within the swarm or structure, and second, how to determine actions for each robot in the swarm that contributes to forming or healing the desired shape. This process is further complicated by the limitations of the robots. The robots are envisioned to be simple in order to keep cost/complexity down, enabling their production in large numbers. The robots also tend to be homogeneous, again to keep cost and complexity down. To allow swarm recovery from damage to any robot, the algorithms tend to be distributed, preventing the loss of a coordinating leader robot due to damage.
The method for accomplishing self-organization and epimorphosis based self-healing developed in [7] is impressive, in that it can grow and heal any shape. However, it requires the robots to reproduce, and the field of self-replication in artificial systems such as robots is still in its infancy at best [8] [9] .
Stoy et al. [10] developed a method for self-healing that is capable of forming and healing an impressive number of 3D shapes; it makes use of direct messaging from one agent to another, i.e. a private communication path between connected robots, increasing the complexity of the robots. They also require a starting seed to start formation, a form of centralization.
The work in [11] , by Nagpal et al., simulates very simple robots capable of forming and holding 2d shapes; however, they use some global sensors. For example, to detect the RULHQWDWLRQ RI WKH URERWV D ³FRPSDVV´ LV XVHG 7KH\ DOVR cannot adjust the size of the shape formed to optimally use the remaining robots after damage as seen in natural morphallaxis; they keep the shape the same size, just less dense, i.e. not scalable self-healing.
In this paper, we propose a method for self-healing which is geared towards emulating morphallaxis seen in the hydra on a swarm of very simple, low cost, physically realizable, homogeneous, distributed robots. They have only one sensor, and this sensor is used for both distance measurement and inter-robot communication. These agents can form (from any starting configuration) and hold a swarm in a class of shapes, and in the event of damage, reform the shape. This is all done without any centralized functions, such as a seed or leader. This shape is fully given to every robot ahead of time, in the form of the function . The shape formed by the swarm will be correctly sized for the number of agents available by adjusting its scale, i.e. scalable self-healing. They can also demonstrate the ability to differentiate based on location in the swarm, and time, and every robot is given a full description of the differentiation pattern ahead of time, again in the form of a function . This differentiation is shown by the robot displaying a color.
In this paper, we will discuss the model and assumptions used for our simulated robots. We will then go in to detail about the methods used to produce self-healing, selfassembly and pattern formation in this swarm of simulated robots. Next we will show some results of this simulated behavior, discuss some properties of these methods, and then conclude.
II. MODEL
Our methods for self-healing, self-assembly, and diffeUHQWLDWLRQ ZHUH WHVWHGRQDVZDUPRI VLPXODWHG ³SXFN´ robots existing in a simple 2D planar world. The assumptions made in the robot model in this simulation are chosen to closely emulate the properties of living cells as close as possible, keep the cost of the robots to a minimum, and are constrained to be as similar to the capabilities of modern robotics/electronics as possible.
These simulated homogeneous robots are identical to each other in every way possible, and even lack a unique identifier.
Each robot has one simple exteroceptive (responds to external stimuli) sensor, capable of directly communicating with nearby neighboring robots, and measuring the distance of that communication path. Simulated noise in the form of a zero mean gaussian [14] , is added to these sensor readings, in order to represent the noise found in real sensors. This simple sensor is the only sensor available to the robots. This means that the robots have no global knowledge of their environment, such as a compass, gravity sensor, or GPS. Each robot has two degrees of freedom for moving along the plane, and can move up to a maximum speed. In order to display a pattern, each robot can dynamically change its color to one of its choice.
The robots initially are placed at random positions and orientations with respect to world and each other. The robots have no initial knowledge about their location or orientation in this world. They are modeled as a finite sized FLUFOH WKDW ZRQ ¶W RYHUODS RWKHU URERWV (DFK URERW KDV D clock that runs at the same rate as the other robots, however, these clocks are initially started at random times, i.e. not synchronized. The simulation view port is fixed above the 2D plane, looking down. In this viewport, each robot is represented as a pixel of its chosen color, while empty space is shown as black.
The simulation runs in discrete time steps. During each time step, T, each robot will communicate with its neighbors, during which it will receive information from their T-1 time step. The position of each robot is then updated on the 2D plane, along with their displayed color.
III. METHODS
The self healing, self-organization, and differentiation behavior in each robotic agent is separated into three concurrently running tasks. The first task is to setup and maintain a coordinate system that uniquely and correctly identifies the location of each robot. The method used to produce a coordinate system is independent to the rest of the self-healing, and could actually be produced using any method desired; however, the method used, called trilateration, is capable of forming a coordinate system using the simple sensor we envision on the robots, while other methods may require more complicated sensors. Second, each robot makes decisions and movements to form or reform a predefined shape in scalable sense. This task makes use of the coordinates determined in the first task, as well as the given function in a method we call relentless Self-Assembly. Lastly, each robot modifies its color based on , and the coordinates from trilateration, to display a pattern, or time-varying pattern.
A. Trilateration
The task of setting up and maintaining a coordinate system is done using the available range sensor, and communication between neighboring robots through a process called trilateration. Trilateration is an iterative process that is initialized with each robot forming a random initial guess as to its location in a coordinate system (x self ,y self ,z self ). In every iteration the robot will receive QHLJKERU M ¶V HVWLPDWHG YDOXHV IRU M ¶V own (x j ,y j ,z j ), for all neighbors j within its sensor range. Simultaneously during each communication with a neighbor, the distance of that communication d j,self is also measured with the sensor. These values of d j,self and (x j ,y j ,z j ) are collected for each neighbor, and are used in the trilateration formula (1). Values for (x self ,y self ,z self ) are then updated using a gradient decent method, in order to minimize (1).
(1) This minimization results in values for (x self ,y self ,z self ) that reduce the error of the guessed distance between (x self ,y self ,z self ) and (x j ,y j ,z j ) when compared to the actual measured distance, d j,self , and given the right conditions, over many iterations, the coordinate system for every robot will converge on a solution that uniquely and correctly identifies the location of each robot.
A similar method of trilateration has been used before for localization of robot groups [11] , [12] , and in a statistical method multi-dimensional scaling [13] . Formula (1) differs from these other trilateration implementations in that it allows three degrees of freedom even though the robots exist on a 2D plane. In order to reduce the problem back from the 3D space to the 2D X-Y plane, (1) contains a forcing term |z self |.
It has been observed experimentally that this modification allows the swarm to converge on a correct coordinate system quicker and with fewer neighbors than without it.
There is no constraint to the coordinate system that is agreed upon through trilateration, due to the complete lack of global knowledge. Because of this, the origin and axis of the coordinate system could be in any orientation and is equally likely to be left handed or right handed when viewed from the global viewport. To demonstrate this, the top of figure 1 shows a desired shape/pattern, while the squares below it show images taken from multiple simulation runs, with various orientations and handedness. While trilateration can help the robot learn its position in the swarm, it cannot directly tell the robot its orientation. To learn its orientation with respect to the agreed-upon coordinate frame, a robot makes two movements, orthogonal to each other, and finds its new coordinates after each movement.
After its orientation in the agreed upon coordinate system is known, a robot can move in a desired direction with respect to that coordinate system.
B. Relentless Self-Assembly
We observe that if the swarm can re-form from any type of damage, including complete random shuffling of robots, then this condition is no different than the swarm selfassembling from a random starting pattern. Consequently, if our swarm can heal from a complete random shuffling of robots, then it also has the ability to self-assemble. Using this observation, we propose to solve the problem of selfassembly and the problem of self-healing with a single method, called relentless self-assembly. This method is implemented by having every robot in the swarm continuously move in an attempt to form the required shape.
This movement is determined by the robot using its current position from trilateration converted to polar coordinates (r self , self ). These position values are plugged into the given function describing the shape, and the direction of the negative surface normal is calculated. The robot will then try to move in that direction, while checking to see if a collision occurs, by monitoring if its position values change. If a collision is detected, the robot will just try move in a direction chosen randomly.
This process of using the robots current coordinates to determine a movement direction repeats indefinitely.
Currently, the target shape to be formed by the swarm, , is constrained to any shape that can be described as a smooth positive polar function from 0 to 2 .
The iterative movement rule will cause the swarm to form the desired shape in the scale appropriate to the number of agents. This movement can be visualized as the robots existing in a potential field in the form of the desired shape, note: this field is not used in the implementation, and is used only for visualization purposes. The robots will try to move inward in the direction of the field gradient, towards the lower potential. In figure 2 , a visualization of the potential field for some sample shapes can be seen, where the darker colors represent lower potential, or a lower multiple of the shape function. Following this rule, the robots will ensure that all the available positions with a potential lower than its current potential will be filled by another robot. 
C. Differentiation
Generally, the specialization that a robot can differentiate into is a property of what physical capabilities the individual robots have. For the simplicity of our robots, this specialization is limited to the capability of changing their color. Each robot chooses this color to properly contribute towards a desired pattern over the shape of the swarm. To properly display this color pattern, each robot must determine the size of the shape. This size is represented as R max , which is the largest scalar multiple of the shape function that encloses every agent in the swarm. This is calculated iteratively in (2). (2) Where each robot updates its R max value to either the average R max of its N neighbors or to its own scale (r self / f shape ( self )), whichever is larger. However, a small random percentage of the time, a robot will reset its R max value to be its own scale, in order to allow the scale of the shape to shrink in the event of damage. Each robot then uses its current R max to determine its color to display using the function This pre-defined function tells the robot what color it should display for its given position (r self , self ), and the detected size of the swarm (R max ).
If the swarm is synchronized in time, then it can display a differentiation pattern that varies not only in swarm position, but in time as well. To accomplish this, all robots are given a rule (3) to automatically synchronize its internal clock with those of its N neighbors. (3) With this iterative rule, HYHU\DJHQW ¶s clock, t self , becomes synchronized to that of its neighbors by setting its clock to EH WKH DYHUDJH RI LWV QHLJKERU ¶V FORFNV :LWK WKH WLPH synchronization, the function for determining a robots color is modified as:
This modified function tells the agent what color it should display for its given position (r self , self ) time (t self ) and the current scale of the swarm (R max ). The rules described in this paper allow a swarm of simulated robots with the properties described in the model to exhibit relentless self-assembly and differentiation. These rules allow a swarm whose robots are placed in random starting locations (figure 3A) to move to form the desired pre-defined VKDSHLQWKLVH[DPSOHD ILYHDUPHG ³VWDUILVK´ ( figure 3B-E) . Between figure 3E and 3F, the swarm is cut in half and the halves separated beyond communication range. The robots continue to move in accordance of the self healing rules, and in figures 3F-I, the separated swarms independently re-form the desired shape, but in a smaller scale, resulting in two smaller but still SURSRUWLRQDWH ³VWDU ILVK´ 7KURXJK WKH XVH RI HDFK URERW ¶V LQGLYLGXDOO\ GLVSOD\HG color, the swarm is capable of differentiating by displaying a pattern upon the shape which is being maintained. This pattern can be a simple coloring scheme; for example, the star fish in figure 3 , has a unique color for each arm. In figure 4 , there is a more complicated coloring scheme, where the swarm displays a picture of the earth. The pattern can be any arbitrary picture. As shown in both cases, if the swarm is damaged, as the robots move to reform the damaged shape using relentless self-assembly, the differentiation rules will allow the robots to change their individual colors in order to re-form the desired pattern.
The new pattern will automatically re-size to fit the original pattern upon the new smaller swarm, as shown in figure 3 and 4 .
With the additional capability of time synchronization, it becomes possible not only to display a differentiation pattern on the robots, but also a time varying pattern. This could be in the form of a movie, or as text that scrolls across the swarm of robots. Figure 5A shows an example of the ³VFUROOLQJWH[W´GLVSOD\HGRQDVZDUPKROGLQJDFLUFOHVKDSH As with the self healing pattern, this time varying pattern will also recover from damage, and scale to the size of the swarm, as shown in figure 5B. 
V. COORDINATE SYSTEM ANALYSIS
A critical component to our relentless self-assembly is the ability for all robots to agree upon a common coordinate system, using trilateration. While trilateration is a relatively simple process, there are two main factors that affect its performance, sensor noise and sensor range. In order to measure the effects that these factors have on coordinate system agreement quantitatively, we use the total trilateration error of the entire swarm. This is calculated by summing the magnitude of the difference between the actual distance separating two robots, and the distance of their guessed locations (x self ,y self ,z self ), for all possible pairs of robots in the swarm. The lower this total trilateration error becomes, the more agreement there is between the robots guessed locations. An indication of perfect agreement between guessed locations and actual distances occurs when this total error converges to the value zero.
. To measure how communication range affects this convergence, we measured the total trilateration error for a swarm of 75x3 uniformly spaced robots (225 robots total) over the period of 500 time steps. This was done in sets of 20 experiments, all with the same setting for communication range. The total trilateration error was then averaged for each set. Eight sets were simulated, with communication ranges from 80 to 10. To give some meaning to these values, the communication range is in units of robot diameter, and the robots are uniformly spaced 1 robot diameter away from each other.
The results of this experiment can be seen in Fig. 6 . This shows that the trilateration will converge to low values of total error, however this convergence slows as the communication range is reduced. In the case of this experiment, if the communication range is reduced below 20, then the trilateration process does not converge To look at how sensor noise affects trilateration, we again measured the total trilateration error for a swarm of 75x3 uniformly spaced robots, this time over the period of 150 time steps. In these experiments, the sensor noise was modified by changing the standard deviation of the normal distribution that is added to the actual robot-to-robot range measurements. This was done in sets of 20 experiments, and then these 20 experiments were averaged together. All experiments within the same set had the same setting for sensor noise. Three sets were run, with a value for the sensor noise standard deviation of 0, 10, or 20 robot diameters. The results of this test can be seen in fig. 7 . It shows that the trilateration process is robust to small values of sensor noise, but as the sensor noise becomes large, on the order of 20 robot diameters it will start to affect the convergence of the total error. However, this noise in the sensor model is on the order of the communication range, which is much larger than that of most sensors.
VI. CONCLUSION The model described in this paper is motivated to have minimal artificial requirements and to be consistent with the conditions found in nature. It shows that even with simple sensors, and no global information, it is possible to control, organize, and differentiate a large swarm of simple agents. It may help us to better understand how natural organisms self-form and self-heal, and provide new insights for developing large scale artificial distributed organizations composed of simple robotic and/or software agents. Our future work includes the generalization of shape functions to cover a larger range of spatial patterns. We would also like to modify the existing model assumptions to match that of existing robotic hardware, or hardware of our design. Modification of the model assumptions could also be geared towards better emulating biological self-healing and pattern formation, in order to better understand natural phenomena. For more information, and videos of this work visit www.isi.edu/robots 
